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Executive Summary 
 
This report focuses on performing a demand diversification analysis on Low Carbon 
London (LCL) demand data collected via smart meters across 3437 households over 
the calendar year of 2013. The original dataset is segregated in a number of subsets 
to enable detailed analysis of demand diversification patterns across different 
seasons, days (weekdays and weekends) and hours (on-peak and off-peak). 
We first present and analyse the different electricity consumption profiles focusing 
on the extraction of diversified peak household demand metrics. Subsequently, we 
present and apply three methods for the calculation of diversified demand and 
coincidence factor profiles, examining how they vary as a function of households. 
The three methods applied are: 
 Conventional statistical analysis based solely on smart-metering measurements; 
 Computations based on fitting of parametric gamma-distribution curves to 
capture infer-variability of peak demand across different combinations of 
consumers. 
 The use of a truncated copula C-Vine approach, enabling sampling of new 
demand patterns at arbitrarily high densities via a parameterized statistical 
model trained on smart-metering measurements. 
The aim of applying the above methods is to present different approaches to 
quantifying system demand diversity and assess the robustness of the estimates. 
Most notably, the truncated C-Vine method constitutes a novel statistical approach 
that enables the exploration of a large number of potential demand scenarios, 
enabling us to resolve the potential bias of an analysis relying on limited datasets. 
We demonstrate that the observed and recorded smart-metering dataset is 
consistent with highly expanded set of possible electricity consumption scenarios, 
generated via the high sampling density enabled by the truncated C-Vine method. 
This shows that the LCL smart-metering trial gathered a sufficiently large dataset 
across sufficiently-varying conditions, i.e. a whole calendar year across a sufficiently 
large number of households of different occupancy levels and wealth status, 
resulting in high confidence regarding the statistical significance of the analysis 
presented in this report.   
Through extensive discussion of the results, insights towards the different 
consumption patterns and the level of demand diversification across seasons, on-
peak and off-peak hours, weekends and weekdays are provided. Based on the actual 
energy consumption measurements and the survey conducted, Low Carbon London 
project enabled pioneering analysis to be undertaken to correlate consumption 
patterns with household’s income levels and occupancy class.  
In the Table below we present the maximum diversified peak demand per 
household across three different LCL Acorn income classes and three different 
occupancy levels. This demonstrates significant variability of diversified peak 
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demands (from 0.54 kW to 1.78 kW) associated with different demographics. This 
highlights the benefit of knowing an area’s demographic and consumers’ behaviour 
and the increasing importance of having smart-metering data to enable informed 
planning decision.  
 1 person 2 people 3+ people 
Adversity 0.54 kW 0.89 kW 1.12 kW 
Comfortable 0.64 kW 0.98 kW 1.34 kW 
Affluent 0.79 kW 1.16 kW 1.78 kW 
Diversified Peak for different LCL Acorn and occupancy classes based on the C-Vine sampling 
technique. 
Furthermore, with the aid of diversified peak demand results we demonstrate that 
rule-of-thumb approaches that have been traditionally used in the past for planning 
purposes may no longer be relevant and should be updated according to actual 
emerging data and measurements.  
The presented results can serve as a useful starting point for informing the accurate 
characterisation of demand diversity, enabling planning engineers to tailor 
distribution networks’ designs according to its demonstrated needs. It is envisaged 
that with the advent of the smart-grid paradigm and increasing rollout of smart 
meters and other related Information and Communication Technology (ICT) 
infrastructure, the reliance on actual measurements and application of the 
discussed metrics and analysis methodologies will increasingly become an integral 
part of the distribution planning process. We demonstrate that the diversified 
household peak for large number of consumers during winter conditions is found to 
be 1kW as opposed to 1.5 kW to 2 kW frequently used in the UK. Furthermore, this 
finding provides important benchmark for network planning and the analysis of the 
domestic demand response presented in Report 6-2 “Residential consumer 
response to time varying pricing”. However, diversified peak demand for small 
number of consumers was found to vary significantly.  
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I. Introduction  
In the context of distribution network design, peak electricity consumption patterns 
of the households that a network should serve are the key drivers for determining 
the ratings and location of the necessary distribution assets. The variational as well 
as inter-temporal characteristics of peak electricity demand are of paramount 
importance for achieving efficient and economic distribution network design. The 
design of distribution network should be tailored to the demonstrated needs of its 
consumers i.e. meeting the coincident winter peak demand. However, in the 
absence of detailed knowledge related to the characteristics of electricity 
consumption, as has historically been the norm, taking a fully-informed decision has 
not been possible. Planning engineers traditionally based their designs and 
investment decisions on empirical metrics and established rules that have been 
derived from experience and have been proven to serve the industry well over the 
past decades. Such approaches are based on historical estimates of individual peak 
consumption levels as well as on the fact that the coincident demand of a large 
number of households exhibits reduced sensitivity to the attributes of individual 
consumers (that may vary wildly across a group of households) due to the effect of 
demand diversification.  
Demand diversity is an important concept that pertains to electricity consumption. 
In general, demand diversity exists because use of individual appliances in different 
households occurs at different times due to consumers’ different schedules and 
preferences. In other words, coincident peak demand across a number of 
households is always less or equal than the sum of its parts due to time 
interdependence. It follows that accurately quantifying and considering the effect of 
demand diversity is a quintessential aspect of efficient network design.  
In order to measure demand diversity, several metrics are used. For example, the 
coincidence factor (CF) is a typically-used metric, defined as the ratio of the 
coincident peak demand of a group of households to the sum of individual peak 
demands in this group. Different classes of consumers will have their own 
corresponding levels of coincidence factors. Residence consumers have the lowest 
coincidence factor of about 0.3 (i.e. on average, a residential consumer’s demand at 
the time of the year-round coincident peak is about 30% of their individual peak 
demand) while industrial consumers will have higher coincidence factors, generally 
in the order of 0.7. Coincidence factors for other consumers such as commercial 
loads and street lights typically vary between these boundaries. Empirical 
coincidence factor values are generally applied to distribution network design for 
sizing substation transformers and circuits by estimating the relevant peak load. 
Other metrics such as the diversity factor and diversified household peak load are 
also used for planning purposes.  
This report is motivated by the availability of a large number of actual residential 
demand measurements across over 3,000 households, that enable us to calculate 
such diversification metrics based on real data. This presents an unprecedented 
opportunity to evaluate the applicability of empirical approaches to the new reality 
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of electricity consumption habits and come up with updated values towards 
informing the distribution planning process. In the following section we formally 
define three basic metrics that are subsequently used throughout this report for the 
quantification of demand diversity. 
Diversity Factor 
The demand diversity factor is defined as the ratio of the sum of the individual peak 
demands of each household to the coincident peak demand of the whole group of 
households. Given a dataset containing demand measurements for 𝑁 households, 
the diversity factor across an arbitrary number of households 𝑟 ≤ 𝑁  can be 
calculated as: 
 𝐷𝐹𝑟 =  
∑ 𝐷𝑖
𝑟𝑚𝑎𝑥𝑟
𝑖=1
𝐷𝐶
𝑟𝑚𝑎𝑥
 (1) 
where 𝑟 is the number of households,  𝐷𝑖
𝑟𝑚𝑎𝑥 is the individual maximum demand of 
household 𝑖 and 𝐷𝐶
𝑟𝑚𝑎𝑥 is the maximum coincident demand of 𝑟 households. Note 
that diversity factors are essentially ratios of demand and thus are scalar metrics.  
Formula (1) relates to a specific grouping of 𝑟 households. It is important to 
highlight that in the case that 1 < 𝑟 < 𝑁 , there exist  𝑟! 𝑟! (𝑁 − 𝑟)!⁄  possible 
household combinations; this number grows extremely fast due to combinatorics. 
Given that evaluating (1) across all combinations is computationally intractable, the 
use of appropriate sampling techniques such as bootstrapping is needed to 
approximate the value of interest. Such techniques are discussed in depth in Section 
III.  
Another aspect that is also imperative to highlight and applies to all three 
diversification metrics presented here is the fact that they converge to a steady-
state value given a large number of consumers. This steady-state value can be 
denoted by the infinity superscript, as in 𝐷𝐹∞.  
Coincidence Factor 
The coincidence factor (CF) is the reciprocal of the diversity factor. Therefore the 
coincidence factor 𝐶𝐹𝑟 for r households can be calculated as:  
 𝐶𝐹𝑟 =
1
𝐷𝐹𝑟
=
𝐷𝐶
𝑟𝑚𝑎𝑥
∑ 𝐷𝑖
𝑟𝑚𝑎𝑥𝑟
𝑖=1
 (2) 
Since the sum of the individual peaks is always larger or equal to the coincident 
peak, the calculated coincidence factor always varies between 0 and 1. By definition 
𝐶𝐹1 = 1. In general, a lower value of CF can be achieved when more customers are 
connected to the specific part of the distribution network analysed. Similar to 
diversify factors, coincidence factors are a scalar metric. A coincidence factor of 0.4 
for 𝑟 = 100 can be interpreted to mean that when 100 consumers are considered 
together, their coincident peak demand is equal to 40% of the summation of their 
100 individual peaks.  
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Diversified household peak demand 
The diversified household peak demand is obtained by dividing coincident peak 
demand by the number of households, as follows: 
 𝐷𝑃𝑟 =
𝐷𝐶
𝑟𝑚𝑎𝑥
𝑟
 (3) 
Unlike the previous two metrics, diversified household peak demand is measured in 
kW. Empirical values of this metric based on planners’ experience are widely used in 
planning studies for inferring the expected coincident peak for a number of 
consumers. For example, given that 𝐷𝑃∞ = 2 kW, we can state that the coincident 
peak of 2000 households is expected to be 4 MW. Note that this logic may not apply 
equally well to a smaller number of consumers, where the effect of diversification is 
less pronounced. For this reason, the manner that diversified demand changes with 
the number of consumers is presented in Section IV of this report. 
The structure of this report is as follows: 
 Section II presents the Low Carbon London dataset and demonstrates how it 
has been segregated to a number of subsets. An analysis of diversified 
household demand based on these measurements is also included. Focus is 
placed on the winter season which exhibits the highest electricity consumption. 
 Section III introduces three methodologies for computing diversified household 
demand profiles and coincidence factors as a function of households. The 
computational challenges are identified and suitable approaches are proposed. 
 Section IV applies these three methods towards calculating diversification 
profiles across different numbers of households. Focus is placed on the winter 
season which exhibits the highest electricity consumption. Further analysis is 
undertaken across households of different LCL Acorn wealth classes and 
occupancy levels. 
 Section V presents the main conclusions stemming from the analysis 
undertaken in this report and provides recommendations towards the 
application of the results in a practical context, related to planning and 
operation of distribution systems in the new smart-meter era. 
 Appendix A presents the analysis of diversified household demand for the 
spring, summer and autumn seasons. 
 Appendix B presents the analysis of coincidence factors for the spring, summer 
and autumn seasons. 
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II. Analysis of Smart-metering Data 
In this section we present in more detail the original demand dataset and 
demonstrate how it has been split in a number of subsets for a more thorough 
analysis. In addition, we present a diversification analysis based on diversified 
household peak demand. We first plot diversified peak per household for all days 
present in the dataset. Separate plots are provided for different seasons and 
weekdays/weekends. We also show the probability distribution of diversified peak 
per household for the different subsets with the aid of histograms. This enables us 
to identify the spectral and temporal characteristics of interest present in the LCL 
dataset as well as highlight the main differences in electricity consumption patterns 
between seasons, days of the week and hours of use. 
2.1 Demand dataset 
The Low Carbon London demand dataset includes half-hourly load consumption 
data for a full year cycle from ‘2013-01-01 00:00:00.0000000’ to ‘2013-12-31 
00:00:00.0000000’. The original dataset contains 17,520 half-hourly observations of 
3,437 households. It is imperative to highlight that in general, electricity 
consumption patterns during different times are determined by fundamentally 
different drivers. For example, the underlying factors that drive peak electricity 
demand during winter weekdays are very different to the type of consumption that 
occurs in summer weekends. It would therefore be insightful to split the dataset in a 
number of relevant subsets. We have hence segregated the dataset in 16 distinct 
subsets according to season (winter, spring, summer, autumn), day of the week 
(weekdays vs. weekends) and time of consumption (on-peak vs. off-peak), in line 
with peak and off-peak time definitions according to the convention used by 
Elexon. . 
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Subset 
ID 
Subset Name 
Size 
(Observations, 
Variables) 
Season Date Hours1 Day of Week 
1 Winter – on-peak – weekdays 378*3437 Winter 21/12/2013-19/3/2013 On-Peak Monday – Friday 
2 Winter – on-peak – weekends 156*3437 Winter 21/12/2013-19/3/2013 On-Peak Saturday – Sunday 
3 Winter – off-peak – weekdays 2646*3437 Winter 21/12/2013-19/3/2013 Off-Peak  Monday – Friday 
4 Winter – off-peak – weekends 1092*3437 Winter 21/12/2013-19/3/2013 Off-Peak Saturday – Sunday 
5 Spring – on-peak – weekdays 402*3437 Spring 20/3/2013-20/6/2013 On-Peak Monday – Friday 
6 Spring – on-peak – weekends 156*3437 Spring 20/3/2013-20/6/2013 On-Peak Saturday – Sunday 
7 Spring – off-peak – weekdays 2814*3437 Spring 20/3/2013-20/6/2013 Off-Peak Monday – Friday 
8 Spring – off-peak – weekends 1092*3437 Spring 20/3/2013-20/6/2013 Off-Peak Saturday – Sunday 
9 Summer – on-peak – weekdays 396*3437 Summer 21/6/2013-21/9/2013 On-Peak Monday – Friday 
10 Summer  – on-peak – weekends 162*3437 Summer 21/6/2013-21/9/2013 On-Peak Saturday – Sunday 
11 Summer – off-peak – weekdays 2772*3437 Summer 21/6/2013-21/9/2013 Off-Peak  Monday – Friday 
12 Summer – off-peak – weekends 1134*3437 Summer 21/6/2013-21/9/2013 Off-Peak Saturday – Sunday 
13 Autumn – on-peak – weekdays 390*3437 Autumn 22/9/2013-20/12/2013 On-Peak Monday – Friday 
14 Autumn – on-peak – weekends 150*3437 Autumn 22/9/2013-20/12/2013 On-Peak Saturday – Sunday 
15 Autumn – off-peak – weekdays 2730*3437 Autumn 22/9/2013-20/12/2013 Off-Peak Monday – Friday 
16 Autumn – off-peak – weekends 1050*3437 Autumn 22/9/2013-20/12/2013 Off-Peak Saturday – Sunday 
Table 1: Summary table of the 16 data subsets analysed in this report. 
                                                          
1
 On-peak hours are between 16:00pm and 18:59pm, while off-peak times are 00:00am – 15:59pm & 19:00pm – 23:59pm 
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In the following section, we present and analyse the diversified household load 
profiles of winter data subsets.  
 
2.2 Diversified Peak Demand - Winter 
In the LCL dataset, which contains year-round measurements taken across 3,417 
households in the area of London, electricity consumption in winter months exhibits 
higher intensity than other seasons, as expected. For this reason, it is of most 
interest to be analysed in detail. In Figure 11 and Figure 13 we present diversified 
household load profiles for winter weekdays (63 days) and weekends (26 days) 
respectively. In essence, each curve represents the daily diversified load pattern of 
the average household.  
From this data, it is evident that electricity consumption on weekend days is 
generally higher throughout the day and gives rise to the highest peaks in the 
afternoon hours. This is because household owners are more likely to be at home 
on weekends. More precisely, the highest diversified demand recorded is at 
0.9617kW per household and occurs at 6pm of a weekend day. The highest 
diversified demand on weekdays is 0.9292kW and occurs at about 7pm. Another 
observation of interest is that consumption across different weekdays exhibits low 
variability between late night and early morning hours (10pm – 6am). In the case of 
weekends, low variability is observed in a larger range of hours, namely from 10pm 
up to 9am which would be attributed to later waking times.  
 
Figure 1: Daily consumption patterns for Winter – Weekdays. 
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Figure 2: Daily consumption patterns for Winter – Weekends. 
Further information can be obtained by observing the histograms shown in Figure 3, 
where we plot the distribution functions of the four datasets. Naturally, 
consumption during peak hours (cyan and magenta histograms) exhibits a unimodal 
concentration towards larger values.  
 
Figure 3: Histograms of diversified demand per household for Winter. Vertical axis shows frequency 
(i.e. number of half-hourly measurements).  
On the contrary, off-peak consumption has two main modes; one related to very 
low consumption levels at night (0.2 kW per household) and another due to the 
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medium-level (0.5 kW per household) and more highly variant (especially during 
weekdays) demand observed during midday hours preceding and following the peak. 
Beyond the winter datasets, all other three seasons have also been analysed in 
Appendix A of this report. The main patterns identified still apply. The main 
observation is that the season exhibiting the lowest consumption level, as expected, 
is summer, followed by spring and then autumn. In addition, summer patterns are 
considerably less variant and thus more easily predictable, with most days deviating 
little from the mean. Further comparisons are made in the following section. 
2.3 Diversified Peak Demand – Summary 
For completeness, we present a table summary of statistical properties of 
diversified demand per household for all data subsets. Bold and underlined entries 
show the maximum or minimum diversified demand calculated in each subset for 
the corresponding column. Standard deviation is also shown to give a sense of 
variability throughout each dataset; low standard deviation suggests ‘compressed’ 
patterns around the mean values, whereas higher values indicate higher variations 
across days. 
Data 
Subset 
Season Time Day 
Diversified Demand per Household (kW) 
Minimum 
value 
Mean 
value 
Maximum 
value 
Standard 
Deviation 
1 Winter On-peak Weekdays 0.437 0.733 0.953 0.109 
2 Winter On-peak Weekends 0.548 0.778 0.992 0.092 
3 Winter Off-peak Weekdays 0.223 0.483 0.929 0.167 
4 Winter Off-peak Weekends 0.228 0.507 0.962 0.179 
5 Spring On-peak Weekdays 0.411 0.552 0.887 0.094 
6 Spring On-peak Weekends 0.427 0.565 0.922 0.099 
7 Spring Off-peak Weekdays 0.192 0.390 0.895 0.130 
8 Spring Off-peak Weekends 0.197 0.411 0.921 0.138 
9 Summer On-peak Weekdays 0.378 0.468 0.694 0.059 
10 Summer On-peak Weekends 0.383 0.472 0.685 0.062 
11 Summer Off-peak Weekdays 0.192 0.341 0.679 0.093 
12 Summer Off-peak Weekends 0.197 0.353 0.679 0.100 
13 Autumn On-peak Weekdays 0.426 0.667 0.837 0.098 
14 Autumn On-peak Weekends 0.476 0.704 0.854 0.093 
15 Autumn Off-peak Weekdays 0.193 0.416 0.843 0.146 
16 Autumn Off-peak Weekends 0.200 0.439 0.828 0.155 
Table 2: Statistics on Diversified Demand per household for the different data subsets. Bold and 
underlined entries show maximum or minimum (according to the corresponding column) diversified 
demand for each season. 
As can be seen from Table 2, the peak diversified demand per household obtained 
after analysing the coincident peaks across all 17,520 measurements  occurs during 
a winter weekend afternoon and is equal to 0.992 kW. The minimum diversified 
load is 0. 192 kW and is observed during weekday off-peak hours in both spring and 
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summer seasons. All subsets related each season are aggregated and their statistical 
properties summarised in Table 3, along with the entire LCL dataset. It is worth 
noting that traditionally, a diversified peak demand of 1.5 – 2kW has been used, 
meaning that the effect of diversification may have been systematically 
underestimated. The presented analysis based on real measurement data provides 
an opportunity to update empirical estimates with data based on evidence.   
Season 
Total 
days 
Diversified Demand per Household (kW) 
Minimum 
value 
Mean 
value 
Maximum 
value 
Standard 
Deviation 
Winter 90 days 0.223 0.522 0.992 0.185 
Spring 93 days 0.192 0.416 0.922 0.139 
Summer 93 days 0.192 0.360 0.694 0.100 
Autumn 89 days 0.193 0.454 0.854 0.166 
All seasons 365 days 0.192 0.437 0.992 0.162 
Table 3: Statistics on Diversified Demand per household for different seasons and the entire LCL 
dataset. Bold and underlined entries show maximum or minimum (according to the corresponding 
column) diversified demand for each season. 
The average diversified demand per household throughout the year is 0.437kW, 
with the maximum of 0.992 kW observed in the winter and the minimum of 0.1921 
observed in summer. Winter presents an average diversified household load of 
0.522 kW, a 45% increase when compared to summer consumption levels that have 
a mean value of just 0.360 kW. Furthermore, LCL data show that autumn has a 
higher average diversified load per household by 10% when compared to spring, 
suggesting that autumn and spring seasons can exhibit substantially different 
consumption patterns. However, spring does give rise to a higher peak value when 
compared to autumn. It is worth noting that these seasonal patterns could vary 
from year to year according to variables such as the weather. Measurements across 
different years are needed to further analyse the degree of variability between 
spring and summer with higher certainty. However, in order to increase the 
statistical significance of our analysis which relies solely on a single calendar year’s 
data, the novel C-Vine modelling method is employed. This method is capable of 
further exploring the state-space of potential stochastic realizations suggested by 
the dataset measurements; the method is presented in detail in the section III. 
Finally, we show some further statistics for the entire LCL dataset.  In the left plot of 
Figure 4 we show the probability distribution of all calculated diversified demand 
levels with the aid of a histogram. Note that the vertical axis denotes the number of 
half-hourly instances that belong to each value bin. The plot shown in the right is 
the corresponding empirical cumulative distribution function. 
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Figure 4: Histogram (left) and empirical cumulative distribution function (right) of diversified 
demand per household for entire dataset 
As can be seen in the histogram plot shown in Figure 4, diversified demand varies 
between the values of 0.192 and 0.992 kW, exhibiting a dense concentration of 
values in the low and medium parts of the spectrum and a smaller tail extending 
above 0.8kW.  It is also interesting to note that the empirical cumulative distribution 
function of the entire dataset follows a quite linear distribution with a shoulder 
around the 85th percentile (0.6068 kW) and then flattens out beyond the 98th 
percentile (0.817 kW); this suggests that most values are almost normally 
distributed around the lower end of the spectrum, between the minimum of 0.2 kW 
and 0.6 kW. As in the histogram, the tail is due to the few peak demand instances 
occurring during winter.  
III. Methodology for determining demand diversity 
As mentioned in Section I, there are three widely-used metrics for describing 
demand diversity. In the previous chapter we focused on analysing diversified 
household load profiles. In this section, we first introduce the general methodology 
for computing the coincidence factor for a number of households. This task quickly 
becomes infeasible due to the combinatorial nature of the problem at hand i.e. the 
large number of different household combinations that arise when focusing on a 
subset of consumers. To this end we showcase an approximation based on a 
straightforward resampling technique known as bootstrapping. We then proceed to 
build upon this general methodology by fitting a parametric curve to the probability 
distribution of demand factors, allowing us to interpolate and extrapolate at an 
arbitrarily high resolution to gain insight towards the range of possible coincidence 
factor values; by examining the tails of their distributions, more extreme scenarios 
can be identified. Finally, we present the use of an advanced method based on a 
mixture model of truncated C-Vine copula blocks. The basic idea in this case is the 
construction of a statistical model allowing us to directly resample the dataset at 
very high densities and generating unseen coincident consumption scenarios 
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suggested by existing observations. This further improves upon our ability to 
explore the possible range of likely coincident demand factors.  
3.1 Empirical Method  
Our aim is to compute the coincidence factor as defined by equation (2) as a 
function of the number of households i.e. for different values of 𝑟. In the case 
that𝑟 ∈ [1, 𝑁], the evaluation of the coincidence factor formula is trivial. However, 
in the case that 1 < 𝑟 < 𝑁 , there exist 𝑟! 𝑟! (𝑁 − 𝑟)!⁄  possible household 
combinations; this number grows extremely fast due to combinatorics. For example, 
there are  2.67 × 1035 possible ways to choose 20 households from a total of 500. 
Most importantly, the different combinations give rise to a distribution of 
coincidence factors instead of a single value as is the case for 𝑟 ∈ [1, 𝑁]; the same 
holds true in the computation of the other two diversification metrics as well. To 
this end, in this analysis we are interested in computing the mean, minimum and 
maximum coincidence factors for different values of 𝑟. Naturally, the maximum 
value is of most importance for practical planning purposes, but average and 
minimum value serve us in gaining further insight towards the degree of variability 
across different consumer groups. However, given that evaluating (2) across all 
combinations is computationally intractable, the use of appropriate sampling 
techniques such as bootstrapping is needed to approximate the values of interest. 
In essence, instead of exhaustive enumeration we can perform the relevant 
calculations while only considering small subset of  𝑘 ≪ 𝑟! 𝑟! (𝑁 − 𝑟)!⁄  
combinations. The relevant literature suggests that it is possible to accurately 
estimate the underlying probability distribution by using a limited number of 
observations. Note that this method is called empirical due to the fact that is based 
strictly on demand measurements; no statistical modelling is employed. 
Given the actual demand data D of size 𝑁 × 𝑚, the coincidence factor for a group of 
𝑟 households can be calculated in the following steps. Note that in the algorithm, 
we first calculate diversity factors and then invert the values to obtain the 
corresponding coincidence factors. From a strict implementation perspective, this 
step can be omitted. However, we have included it because it is a necessary step for 
the gamma-fitting calculation method presented in the following subsection. The 
process is also shown graphically in Figure 5. 
Step 1. Randomly select 𝑟 households from the whole dataset D by using the 
bootstrap algorithm. Repeat this process 𝑘 times to construct 𝑘  subsets  𝑫𝟏
𝒓 ,
𝑫𝟐
𝒓 , … , 𝑫𝒌
𝒓  .  
Step 2. Calculate the diversity factors 𝑫𝑭𝟏
𝒓 , 𝑫𝑭𝟐
𝒓  … ,  𝑫𝑭𝒌
𝒓  for each corresponding 
subset and build a new vector 𝑫𝑭𝒔𝒓 = [𝑫𝑭𝟏
𝒓 , 𝑫𝑭𝟐
𝒓 , … , 𝑫𝑭𝒌
𝒓 ]. 
Step 3. Determine the expected value 𝑫𝑭𝒎
𝒓 = 𝒎𝒆𝒂𝒏(𝑫𝑭𝒔𝒓), maximum value 
𝑫𝑭𝒖
𝒓 = 𝒎𝒂𝒙(𝑫𝑭𝒔𝒓)  and minimum value 𝑫𝑭𝒍
𝒓 = 𝒎𝒊𝒏(𝑫𝑭𝒔𝒓)  of the calculated 
diversity factors for 𝑟 households. 
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Step 4. Take the reciprocal of 𝑫𝑭𝒎
𝒓, 𝑫𝑭𝒖
𝒓 and𝑫𝑭𝒍
𝒓. The expected value 𝑪𝑭𝒎
𝒓, 
minimum value 𝑪𝑭𝒍
𝒓  and 𝑪𝑭𝒖
𝒓 of the coincidence factors for r household are 
obtained.   The flowchart of above procedures is: 
 
Figure 5: General methodology for calculating the maximum, minimum and average (expected) 
coincidence factor for 𝒓 housheolds. 
Note that in the case of calculating diversified peak household load as a function of 
households (as in Sections 4.2 and Appendix B.1 – B.3), the same bootstrapping 
method can be applied to explore the diversified load variability across the different 
combinations. 
3.2 Gamma Distribution Method 
An alternative way to exclusively relying on analysing a subset of combinations, as 
suggested by the empirical method is parametric fitting. The existing literature [4] 
suggests that the probability distribution function of diversity factors across the 
different household combinations for a given 𝑟 follows some pre-defined form. Thus, 
it is possible to identify the best-fitting parametric distribution curve from the 
statistical properties of the sample population and subsequently infer more 
generalized estimates regarding the mean, upper and lower tail by examining the 
corresponding properties of that best-fitting curve. In most papers, the diversity 
factor for a group of customers is approximated by a normal distribution. However, 
it has also been suggested that the gamma distribution is a better fit for the 
electricity consumption diversity factors as it has a lower bound of zero and no 
upper bound. An example fit of the Gaussian (Normal) and Gamma distribution to 
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100,000 diversification factors (𝑟 = 20 households) obtained for LCL data subset no. 
3 is shown in Figure 6. It is evident that both curves fit well the data; however the 
gamma function is slightly more successful in describing the factor’s characteristics. 
By analysing the results obtained after performing various goodness-of-fit tests such 
as Anderson-Darling and Kolmogorov-Smirnoff across different datasets, we 
concluded that indeed the gamma distribution provides a better fit than Gaussian 
by a small margin. For this reason, gamma is the parametric distribution used in this 
report.  
 
Figure 6: Parameterization of an empirical distribution of diversity factors with the Gaussian and 
Gamma distributions. 
Naturally, the coincidence factor can be obtained by taking the reciprocal of the 
diversity factor. Note that in this method, we take 0.1%, 50% (mean) and 99.9% 
values of the best-fitting gamma distributions to calculate the corresponding 
minimum, mean and maximum coincidence factors for each number of customers. 
Given the actual demand data D of size 𝑁 × 𝑚 (i.e. N observations of m consumers), 
the coincidence factor for a group with 𝑟 households can be calculated in the 
following steps: 
Step 1. Randomly select 𝑟 households from the whole dataset D by using the 
bootstrap algorithm. Repeat this process 𝑘 times to construct 𝑘  subsets  𝑫𝟏
𝒓 ,
𝑫𝟐
𝒓 , … , 𝑫𝒌
𝒓  .  
Step 2. Calculate the diversity factors 𝑫𝑭𝟏
𝒓 , 𝑫𝑭𝟐
𝒓  … ,  𝑫𝑭𝒌
𝒓  for each corresponding 
subset and build a new vector 𝑫𝑭𝒔𝒓 = [𝑫𝑭𝟏
𝒓 , 𝑫𝑭𝟐
𝒓 , … , 𝑫𝑭𝒌
𝒓 ]. 
Stepo3. Fit the calculated diversity factors to a gamma 
distribution 𝑫𝑭𝒔𝒓~ 𝜞(𝒌, 𝜽) ≡ 𝑮𝒂𝒎𝒎𝒂(𝒌, 𝜽). 
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Step 4. Calculate the expected value𝑫𝑭𝒎
𝒓  =  𝒌 × 𝜽, maximum value 𝑫𝑭𝒖
𝒓 = 
𝑮𝒂𝒎𝒎𝒂−1(𝟎. 𝟗𝟗𝟗, 𝒌, 𝜽)  and minimum value 𝑫𝑭𝒍
𝒓 = 𝑮𝒂𝒎𝒎𝒂−1 (𝟎. 𝟎𝟎𝟏, 𝒌, 𝜽)of 
the calculated diversity factors for 𝑟 households. 
Step 5. Take the reciprocal of 𝑫𝑭𝒎
𝒓, 𝑫𝑭𝒖
𝒓 and𝑫𝑭𝒍
𝒓. The expected value 𝑪𝑭𝒎
𝒓, 
minimum value 𝑪𝑭𝒍
𝒓  and 𝑪𝑭𝒖
𝒓 of the coincidence factors for r household are 
obtained.    
3.3 Truncated C-Vine method  
The truncated C-Vine calculation method is a radically different approach from the 
previous two. Although the actual diversification calculation is similarly based on the 
ideas of bootstrap sampling across different household combinations and fitting a 
parametric gamma distribution to infer the underlying distribution of coincidence 
factors, the present approach is not applied solely to the actual dataset, but rather 
to an expanded dataset generated from a statistical model. In other words, a 
statistical model is first trained (or parameterized) on the observed data and then 
used to generate a very high number of new observations. Diversification analysis 
takes place on this ‘enriched’ dataset that exhibits the same statistical properties as 
the actual dataset but lends itself better to data-driven exploration due to its 
expanded resolution, enabling us to move beyond the selection bias that traditional 
methods may entail.  
 
There are several advantages to having a model matched to observations instead of 
relying solely on past measurements. Most importantly, a parametric model is 
capable of producing samples that are similar but not identical to what has already 
been encountered, thus interpolating and extrapolating the actual dataset. This 
means that we are able to generate consumption instances that are not present in 
the actual dataset, but are suggested by observed patterns rendering them 
statistically significant to occur. This extends to coincident peak demand instances 
which are of most interest for diversification analysis. In addition, the model 
parameters themselves can be useful in extracting properties of a multivariate 
dataset which could be too complex to identify through direct examination. Beyond 
all the above, statistical models can provide versatility when combined with other 
sampling or data-mining techniques. For example, the ability to generate a sample 
population of arbitrarily large size can be extremely useful in generating unseen 
training and testing data sets for machine learning algorithms.  However, the task of 
inferring a high-dimensional model with satisfying accuracy is notoriously 
challenging for a number of reasons. These can be briefly described as: 
 
 All demand variables have highly non-standard marginal probability distributions, 
prohibiting the straightforward use of purely parametric statistical models. 
 Secondly, the stochastic variables of interest exhibit non-linear dependence 
rendering all traditional statistical methods that assume independence or rely on 
Pearson’s correlation coefficient inadequate. To address the above two points, 
copulas are the modelling vehicle of choice due to their ability to isolate 
univariate margins from a joint distribution function and for their ability to 
model a very broad family of data dependencies. 
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 Beyond the statistical properties of the signals, another aspect that makes the 
modelling task challenging is the high number of variables (i.e. more than 3,000 
dependent household electricity consumption patterns). Such large multivariate 
models can quickly encounter practical limitations due to exponentially-
increasing computation times for model parameterization. In this research we 
use Principal Component Analysis (PCA) to project the high-dimensional 
stochastic signal onto an ‘information-ordered’ space so as to focus the 
subsequent complex modelling tasks on a reduced subset of variables, rendering 
the proposed approach computationally tractable.  
 The final challenge is the large number of actual measurements. For each 
stochastic variable, there can be thousands of recorded measurements available; 
rendering the process of identifying a single parametric model that fits the data 
is a very challenging task. To tackle this issue, the k-means clustering algorithm 
can be used to partition the observations into groups so as to differentiate 
between system modes that result in signals with radically different statistical 
behaviour. 
 
 
 
Figure 7: Detailed workflow diagram for the parameterization and sampling process of the truncated 
C-Vine statistical model. 
In order to tackle all the different challenges imposed by the high dimensionality of 
the problem at hand, we have brought together dimension reduction, data 
clustering and semi-parametric modelling modules. The detailed explanation of this 
methodology is beyond the scope of the present report, but the interested reader is 
referred to [8]. The main modelling workflow is shown in the figure below and steps 
are outlined. Different colours are used to denote the multiple signal spaces 
traversed by the different modules to enable the effective modelling of the high-
dimensional LCL dataset. 
In brief, the parameterization and sampling workflow for the truncated C-Vine 
method can be summarized as follows: 
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1. The relevant data 𝑋  of size [T, 𝑛]  are mined and fed into the WP4.1 
workflow.  
2. Apply the k-means algorithm to cluster the data into 𝑘 observation clusters. 
3. Apply Principal Component Analysis to the each cluster of actual data, 
subject to an input variance retainment threshold criterion (>90%). Actual 
data have now been reduced in size and have been transformed to the 
Principal Component (PC) domain. 
4. Transform the observations for each cluster 𝑐 from the Principal Component 
domain to the [0,1] domain via its corresponding ecdf. 
5. Parameterize 𝑘 truncated C-Vine copula models. 
6. Generate 𝑁𝑠
𝑖 =
𝑛𝑖
𝑇
𝑁𝑠 (where 𝑛𝑖is the number of observations classified in 
the 𝑖𝑡ℎ cluster) samples from each of the 𝑘 parameterized C-Vine models.  
7. Transform each sampled variable from the [0,1] domain to the PC domain 
via its corresponding inverse ecdf (different for each cluster).  
8. Back-project (i.e. apply inverse PCA) to transform to the original number of 
dimensions.  
9. Put together all the generated samples from different cluster-models to 
create the sample library 𝑌𝑠 (i.e. samples in the PC domain).  
Once the new dataset 𝑌𝑠 has been obtained, the gamma distribution method 
presented in the previous subsection is applied to obtain the corresponding 
coincidence factors.  
Note that in the case of calculating diversified peak household load as a function of 
households (as in Sections 4.2 and Appendix B.1 – B.3) the truncated C-Vine method 
described here is used to build enriched datasets. In contrast to the calculation of 
coincidence factors, it is not possible to parametrically describe diversified load 
distribution and thus solely the bootstrapping method is used, as applied in the 
empirical method. 
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IV. LCL demand diversification analysis 
4.1  Introduction 
In this section we present and analyse two diversification metrics; diversified peak 
demand per household (section 4.2) and demand coincidence factors (section 4.3). 
To this end, all three methods proposed in section 2 have been prototyped in 
MATLAB and implemented to calculate the coincidence factors and diversified peak 
household loads of the afore-mentioned 16 subsets. Note that contrary to the 
diversification analysis performed in Section II, the analysis shown here focus more 
on the effect that different numbers of households has on electricity consumption 
diversification. Before presenting the results, it is imperative to give an overview of 
the specific parameters used in the different calculation methods. Note that for all 
three methods, the bootstrapping sampling density i.e. the number of different 
combination of 𝑛 households is set to 10,000, as it is impossible to perform an 
exhaustive enumeration (e.g. 50 choose 20 = 4.7*10^13).  Also, note that in the 
truncated C-Vine calculations, the following parameters have been used to train the 
16 statistical models: 
Number of clusters:  √𝑚/2, where 𝑚 signifies the number of observations in the 
dataset. 
Information Retainment Criterion: 97.5% of information is retained. 
Unlike the empirical method and the gamma distribution methods, where analysis is 
limited solely to the dataset, in the C-Vine case, a new dataset comprising of 
100,000 observations and 500 variables has been generated from each subset.  To 
give an example of how the sampled data relate to the actual LCL measurements, 
we compare actual and generated data for the winter-weekdays-peak subset in 
Figure 8. Note that due to the high-dimensionality of the data, it is impossible to 
depict the entire multivariate dependence structure. To this end, the scatter plots 
demonstrate dependence between the sum of the first and last 250 variables. The 
blue scatter plot shows the dependence structure of actual data, while the red 
scatter plot depicts dependence structure of sampled data. As expected, the shape 
is largely the same, but the increased sampling density enabled by the C-vine 
method enables the exploration of a larger portion of the demand state-space. 
In addition, the continuous curves shown in the left and bottom plots of Figure 8 
show the marginal distributions of the afore-mentioned summations; blue colour is 
used for the measurements while red is used to denote the sampled dataset. As can 
be seen by their comparison, the proposed model is able to accurately capture both 
marginal distribution characteristics along with the dependence pattern, verifying 
the goodness-of-fit of the C-Vine model. 
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Figure 8: Comparison of scatter plots of actual (blue) and sampled (red) datasets. The corresponding 
marginal empirical cumulative probability distributions are show in left and bottom rows. (We 
denote set of observations as Z and sampled set as Q. Z(1:1719) signifies the summation of the first 
1719 households and is measure in kW) 
4.2 Calculation of Diversified Peak Demand per Household  
Along with demand coincidence factors, a very important characteristic of interest is 
the diversified peak demand per household, also known as coincident peak per 
household (measured in kW). Such an analysis was undertaken in section 3.1 for the 
entire number of consumers, focusing on the terminal value of diversified load. 
However, in this section we focus on how the system’s diversified peak demand 
changes with the number of households. To this end, it is preferable to not use the 
entire dataset of households but a more limited number of consumers and analyse 
how their increasing numbers progressively lead to increased diversification. We 
have demonstrated that it was sufficient to analyse sets of randomly selected 500 
households, given the interest in diversified demand and coincidence factors (we 
observed that even smaller samples would provide acceptable steady-state 
statistical significance). Thus, it is preferable to focus on the convergence from the 
individual-household consumption peak to the onset of a steady diversification 
effect, rather than the steady-state tail, which has little to offer in terms of further 
insights. In line with the established C-Vine method for each subset analysed, sets of 
500 households (out of the pool of 3,437 households) are selected at random (i.e. 
Monte Carlo analysis with uniform probability function); this severely reduces the 
biasing that may arise from using the same pool of houses for all 16 subset analysis. 
To highlight the above points, in Figure 9 we plot diversified peak load consumption 
as a function of households for the winter peak weekdays dataset, going up to 
𝑟 = 3,437 i.e. the maximum number of households present in the LCL trials. It is 
important to note that the analysis shows that mean values and confidence bounds 
of CFs start converging after only a few hundred houses, suggesting that there is 
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little information on diversified load evolution to be gained from extending the 
analysis to the entire dataset. 
 
Figure 9: Diversified household peak demand for Winter (on-peak - weekdays) as a function of 
households; calculations performed using entire dataset of 3437 households. 
As mentioned earlier, the diversified peak per household is obtained by dividing the 
coincident peak of r households by the corresponding number of households r. Of 
most interest is the value obtained when analysing the maximum number of 
households (500) since this constitutes the most informed basis for extrapolating 
the expected coincident peak for a large number of consumers. For example, if the 
diversified peak was found to be 2kW/household, then we can safely say that in the 
case of 2,000 households, we expect to see a maximum coincident peak of 4MW 
sometime in the calendar year. In addition, it is important to highlight that 
diversified peak starts converging to a steady-state value when large numbers of 
households are being considered. For clarity, we will refer to this end-value as the 
‘steady-state’ or ‘terminal’ diversified peak demand per household. Until now, rule-
of-thumbs formulae used in the UK have placed diversified peak demand for a large 
number of residential consumers in the order of 1.5-2kW. However, the large LCL 
demand dataset is an excellent starting point for putting these empirical values into 
question and revising them on the basis of real-world measurements of consumer 
behaviour.  
As explained in section III, a bootstrapping method is used to effectively sample the 
large number of household combinations that arise; 10,000 samples (i.e. 10,000 
combinations of households out of the exhaustive number of possible combinations) 
are used for each data-point. Note that the possible number of choice combinations 
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can reach extraordinarily large numbers. For example, there are 2.66 × 1035 ways 
to choose 20 households from a pool of 500 households. Naturally, which houses 
are actually sampled gives rise to some variability; we communicate this variability 
through the explicit calculation of upper and lower bounds. The former relates to 
the maximum coincident peak observed across the 10,000 combinations, while the 
latter refers to the minimum coincident peak observed across the 10,000 
combinations. In addition, we also calculate the mean diversified peak which is 
essentially the average across the 10,000 bootstrap samples. It follows that of most 
interest is the upper bounds, but the other metrics help to highlight the level of 
variability that may exist across different consumer groups. As expected, the lower 
bound is the first to reach a steady state value, followed by the mean and then the 
upper bound. Note that when calculating the terminal diversified peak load value 
(i.e.  maximum number of households = 500), there are no lower or upper bounds 
since bootstrapping is no longer needed; the diversified peak is directly calculated 
using all observed data (i.e. 500 choose 500 = 1). 
We employ two different methods for computing the coincident peak metrics; one 
based on the actual datasets and one based on the sampled datasets, generated via 
the truncated C-Vine workflow. The advantage of the latter is the ability to 
interpolate/extrapolate the datasets with more observations, as suggested by the 
relationships of actual measurements. This way we can increase the resolution of 
our analysis and improve its confidence, especially in the cases where few 
observations are available (e.g. winter weekend peak times). We observe that the 
two methods converge to largely the same values when a large number of 
households is considered, confirming that diversified peak is a rather stable metric 
that is not overly sensitive to localized data variations and is a well-founded basis 
for undertaking planning decisions. Of course, there is great value in further 
pursuing demand data collection via smart meters in the future to verify the 
statistical confidence of the presented analysis. 
The diversified peak demand per household plots for all 16 subsets of data are given 
in the following subsection as well as Appendix B. The terminal diversified peak 
values calculated for  𝑟 = 500 are explicitly denoted with a black dotted line. An 
analysis of winter demand subsets follows. 
4.2.1 Diversified Peak Demand Analysis – Winter 
The diversified peak household load plots for the four different data subsets 
pertaining to the winter season are shown in Figure 10, Figure 11, Figure 12 and 
Figure 13. When examining consumption patterns for the winter season, we 
observe that, as expected, it constitutes the most ‘binding’ dataset where both 
maximum electricity consumption for a single household (16.34 kW in an off-peak 
weekday) and diversified peak demand when considering all 500 households (1.01 
kW/per household occurring in weekend on-peak times for the empirical method) is 
considerably larger than all other seasons.  In the case of diversified peak demand 
calculation, the two different methods have good agreement in the results but as a 
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general rule, the C-Vine method gives slightly larger numbers due to its ability to 
enrich the dataset with further observations that may include a larger peak demand 
snapshot. Thus, an upper bound of 1.09 kW per household is obtained.  
 
Figure 10: Diversified Peak Demand per household for Winter (on-peak - weekdays) 
By comparing Figure 10 and Figure 11, we see that on-peak weekend consumption 
is higher than that during weekdays; this is as expected since residents are more 
likely to stay at home. 
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Figure 11: Diversified Peak Demand per household for Winter (on-peak - weekends) 
As shown in Figure 12 and Figure 13, diversified load is lower during off-peak hours, 
driven by increased coincident consumption in the afternoon hours, preceding and 
following the peak of 7pm. 
 
Figure 12: Diversified Peak Demand per household for Winter (off-peak - weekdays) 
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Figure 13: Diversified Peak Demand per household for Winter (off-peak - weekends) 
It is important to highlight that as also suggested by Figure 9, diversified peak 
household demand starts reaching a steady-state value at around just 75 
households. 
Beyond the winter datasets, all other three seasons have also been analysed in 
Appendix B of this report. The main patterns identified still apply. The main 
observation is that the season exhibiting the lowest consumption level, as expected, 
is summer, followed by spring and then autumn. Further comparisons are made in 
the following section. 
4.2.2 Diversified Peak Demand Analysis (across different 
seasons) - Summary 
For completeness, we present a table summary of statistical properties of 
diversified demand per household for all data subsets. Bold and underlined entries 
show the maximum diversified household demand calculated for each season. 
Data 
Subset 
Season Time Day 
Maximum 
Demand for single 
household 
(kW) 
Diversified peak per 
household (N = 500) 
(kW) 
Actual  C-Vine 
1 Winter On-peak Weekdays 13.77 0.96 1.01 
2 Winter On-peak Weekends 13.30 1.01 1.08 
3 Winter Off-peak Weekdays 16.34 0.97 1.09 
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4 Winter Off-peak Weekends 12.97 0.95 1.06 
5 Spring On-peak Weekdays 10.84 0.91 0.93 
6 Spring On-peak Weekends 10.04 0.90 0.95 
7 Spring Off-peak Weekdays 11.59 0.92 0.97 
8 Spring Off-peak Weekends 11.39 0.92 1.04 
9 Summer On-peak Weekdays 9.21 0.73 0.77 
10 Summer On-peak Weekends 7.08 0.70 0.72 
11 Summer Off-peak Weekdays 9.25 0.69 0.71 
12 Summer Off-peak Weekends 11.29 0.69 0.73 
13 Autumn On-peak Weekdays 14.66 0.89 0.93 
14 Autumn On-peak Weekends 11.14 0.88 0.98 
15 Autumn Off-peak Weekdays 14.17 0.93 0.93 
16 Autumn Off-peak Weekends 10.90 0.88 0.90 
Table 4: Calculated Diversified Peak per Household for the different subsets. Bold and underlined 
entries show maximum single-household demand levels and terminal diversified household demand 
for each season. 
As can be seen in the above table, when considering a single household, peak 
demand can have a very large range, from about 7kW (summer weekends) up to 
almost 17kW (winter weekends). However, as demonstrated by the plots shown in 
the previous subsection, when more households are considered, convergence starts 
occurring at about 75 households, with the mean diversified peak value changing 
little when extending the analysis to the maximum number of 500 houses. As stated 
earlier, the values obtained with the two methods are very similar, with the C-vine 
method generally producing slightly increased peaks by a very small margin. The 
maximum steady-state diversified peak across all subsets is found to be close to 
1kW per household and observed during winter weekdays at off-peak times. 
Conversely, the minimum steady-state diversified peak is found to be close to 
0.69kW per household and observed during summer weekends and weekdays. 
Some other general trends that we would expect to see are also verified by the data. 
For example, during winter, weekends have in general higher consumption than 
weekdays since we are analysing residential loads and customers are more likely to 
be at home. On the other hand, other seasons suggest that diversified consumption 
per household is higher during weekdays, since they are more likely to be away 
from home during the weekends.  
In order to more clearly observe how the maximum (upper-bound) diversified peaks 
changes across the four seasons, we plot the four upper- bound curves of diversified 
peak demand in a single figure (for each season we choose the subset that gives rise 
to the highest steady-state diversified peak across the four corresponding subsets 
e.g. for winter, we plot the Winter-on-peak-weekends), shown in Figure 14 below: 
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Figure 14: Maximum diversified peak variability across seasons. 
As shown above, it is evident that the pattern observed actually holds true 
irrespective of number of households. In other words, single-household maximum 
demand is highest during winter, followed by autumn, spring and lastly summer. 
The above ordering pattern is observed across all different numbers of households 
considered. Of interest is the fact that whereas autumn consumption is clearly 
higher than spring consumption for small number of households, the two converge 
after ~100 households. Summer is clearly exhibiting much reduced consumption 
patterns with a peak for a single household almost half of the corresponding value 
observed in winter. Of course, planners would be interested solely in the worst-case 
pattern which in this case is winter consumption. However, the striking variability 
observed between seasons (especially when compared to summer) can provide 
some valuable insights regarding a possible re-evaluation or introduction of season-
specific operational practices to increase the network’s efficiency. 
4.3 Diversified Peak Demand Analysis across different 
occupancy classes 
In the previous subsection we analysed how diversified peak demand changes with 
respect to the different calendar seasons. We showed that each seasons is 
characterised by a significantly different electricity consumption pattern for 
residential households. Another factor that is crucial in determining diversified peak 
demand of a household is the number of people that reside in the house as well as 
the residents’ economic wealth. Naturally, a group of houses with a single occupant 
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is expected to have a lower diversified peak demand than family houses. In a similar 
manner, more affluent resident are expected to use more electricity. To this end, 
the original LCL dataset has again been split into subgroups according to these 
criteria. The nine resulting subgroups are shown in the following table. 
Data Subset Income 
Number of 
people 
Number of 
households 
1 Adversity 1 315 
2 Adversity 2 278 
3 Adversity 3+ 234 
4 Comfortable 1 240 
5 Comfortable 2 304 
6 Comfortable 3+ 214 
7 Affluent 1 431 
8 Affluent 2 400 
9 Affluent 3+ 223 
Table 5: Summary table of the nine subgroups used for analysing diversified peak demand according 
to different occupancy classes. 
As can be seen above, the LCL smart-metering trials have a good representation 
across all household classes with several hundred households in each of the nine 
subgroups. As above, we employ two different methods for computing the 
coincident peak metrics; one based on the actual datasets and one based on the 
sampled datasets, generated via the truncated C-Vine workflow (100,000 new 
observations are generated from the parameterized statistical model). Again, the 
use of a bootstrapping technique is required for both methods due to the high 
number of possible household combinations; 10,000 combinations are used as in 
the preceding analysis. The diversified peak demand plots for all 9 subsets of data 
shown in Table 5 are given in the following subsections. Note that contrary to the 
previous analysis which used 500 households, the groupings used in the present 
analysis results in a reduced number of households and thus it is imperative to 
consider all households so as to obtain more accurate values. The terminal 
diversified peak values are explicitly denoted with a black dotted line and their value 
shown in the right part of the plot. Although we have calculated the diversified peak 
demand per household across all different seasons, hours and days, we show figures 
for the ‘Winter – On-peak -  Weekdays’ subset which exhibits the most intense 
electricity consumption patterns and is thus of most interest for planning purposes. 
A summary of the diversified peak values obtained for other calendar seasons, 
hours and days is shown in the summary section 4.3.4 and Appendix B. 
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4.3.1 Diversified Peak Demand Analysis - Adverse households 
In this subsection, the analysis focuses on how the system’s diversified peak 
demand changes with the number of households when analysing households 
classified in the LCL Acorn ‘Adverse’ income level category.  Diversified peak for 
households with one, two and three or more occupants are shown in Figure 15, 
Figure 16 and Figure 17 respectively. As shown in Figure 15, the two different 
calculation methods result in similar diversified peak values. This further increases 
the confidence of our analysis by suggesting that we would not expect to see 
radically different diversified peak values if more measurements were available. The 
largest single household consumption level across households with adverse income 
levels is 6kW for houses with a single person. Naturally, these values increase to 
10kW and 11kW for households with 2 and three or more occupants respectively. 
An interesting observation from this is that essentially the diversification effect 
exists within a single household, same as across a number of different households. 
In other words, peak demand of a single household does not grow linearly with the 
number of individuals residing in that house. If this was not the case, we would 
expect to see a considerably higher value for the ‘3+ occupants’ category. The same 
holds true for the terminal diversified peak values which were calculated at 
0.506kW, 0.814kW and 1.043kW respectively. This observation holds for the other 
income levels that we analyse in the following sections.  
  
Figure 15: Diversified Peak Demand per household for the LCL Acorn ‘adverse’ class households with 
one occupant (winter - peak - weekdays). 
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Figure 16: Diversified Peak Demand per household for the LCL Acorn ‘adverse’ class households with 
two occupants (winter - peak - weekdays). 
 
Figure 17: Diversified Peak Demand per household for the LCL Acorn ‘adverse’ class households with 
three or more occupants (winter - peak - weekdays). 
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Furthermore, another interesting observation when comparing the three plots is 
that the diversification curves exhibit very similar shapes; the single-household peak 
is reduced as soon as we group ~10 houses and is further reduced when analysing 
groups of about 50 households, with all three plots resulting in values at the 50 
houses mark close to the terminal values shown at the rightmost part of the plots. 
The diversification effect is less pronounced thereafter. 
4.3.2 Diversified Peak Demand Analysis - Comfortable 
households 
In this subsection, the analysis focuses on how the system’s diversified peak 
demand changes with the number of households when analysing households 
classified in the LCL Acorn ‘Comfortable’ income level category.  Diversified peak for 
households with one, two and three or more occupants are shown in Figure 18, 
Figure 19 and Figure 20 respectively. 
 
Figure 18: Diversified Peak Demand per household for the LCL Acorn ‘comfortable’ class households 
with one occupant (winter - peak - weekdays). 
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Figure 19: Diversified Peak Demand per household for the LCL Acorn ‘comfortable’ class households 
with two occupants (winter - peak - weekdays). 
 
Figure 20: Diversified Peak Demand per household for the LCL Acorn ‘comfortable’ class households 
with three or more occupant (winter - peak - weekdays). 
 36 
As it can be seen in the figures above, the main patterns identified in the ‘Adverse’ 
dataset persist when analysing households with ‘Comfortable’ income levels. As 
expected, higher income does translate to more intense electricity consumption per 
household. More precisely, the terminal peak demand values are calculated as 
0.754kW, 1.073kW and 1.716kW for households with a single, two and three or 
more occupants respectively, corresponding to a 12.5%, 11.7% and 18.2% increase 
when compared to the ‘Adverse’ households. It is also interesting to note that in 
terms of non-diversified consumption levels, ‘Comfortable’ households with one 
occupant exhibit very different peak demand to ‘Adverse’ houses; 6kW versus 9kW, 
a 50% increase). In the case of more populous households, this difference is less 
pronounced.  
4.3.3 Diversified Peak Demand Analysis - Affluent households 
In this subsection, the analysis focuses on how the system’s diversified peak 
demand changes with the number of households when analysing households 
classified in the LCL Acorn ‘Affluent’ income level category.  Diversified peak for 
households with one, two and three or more occupants are shown in Figure 21, 
Figure 22 and Figure 23 respectively. 
 
Figure 21: Diversified Peak Demand per household for the LCL Acorn ‘affluent’ class households with 
one occupant (winter - peak - weekdays). 
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Figure 22: Diversified Peak Demand per household for the LCL Acorn ‘comfortable’ class households 
with two occupants (winter - peak - weekdays). 
 
Figure 23: Diversified Peak Demand per household for the LCL Acorn ‘comfortable’ class households 
with three or more occupants (winter - peak - weekdays). 
The figures above show that the main patterns identified in the ‘Adverse’ and 
‘Comfortable ’datasets also persist when analysing households with ‘Affluent’ 
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income levels. However, an important observation when comparing (3 or more 
people houses across income classes) is that populous ‘Affluent’ houses have a less 
pronounced diversification effect. This can be inferred from the curve shape which 
continues to reduce considerably past the 100 households range, as well as the fact 
that the C-Vine method does not match closely to the smart-metering 
measurements calculation method, meaning that the LCL data suggest the 
possibility for a wide range of consumption patterns. The terminal peak demand 
values are calculated as 0.754kW, 1.073kW and 1.716kW for households with a 
single, two and three or more occupants respectively, corresponding to a 12.5%, 
11.7% and 39.17% increase when compared to the ‘Comfortable’ households. It is 
also interesting to note that in terms of non-diversified consumption levels, 
‘Affluent’ households with one occupant exhibit similar peak demand to 
‘Comfortable’ houses; about 9kW suggesting that income level is not a primary 
driver of electricity demand when we examine consumption behaviour of single-
person households. However, in the case of populous households with 3 or more 
occupants, the non-diversified peak demand recorded is significantly higher at 
about 15kW, 36% higher when compared with ‘Comfortable’ households. This 
makes sense since there are some affluent houses that are considerably larger and 
thus exhibit much more intense electricity consumption. 
4.3.4 Diversified Peak Demand Analysis (across different 
consumers classes) – Summary 
Similar analysis to the above has been undertaken for all the calendar season 
subgroups presented in Table 1 of this report. The calculated values have been 
compiled and presented in the two figures shown below. Figure 24 shows 
diversified peak demand per household for different LCL Acorn and occupancy 
classes as a function of different calendar seasons, days and hours – calculations are 
based on LCL measurements. Figure 25 shows calculations based on the C-Vine 
method. Note that the nine curves plotted in both figures correspond to a 
combination of income class and occupancy level. 
As can be seen in the figures, the highest diversified peak by both methods is 
calculated for the winter-on-peak-weekdays dataset. As expected, the calendar 
seasons have a profound effect on diversified demand, with summer exhibiting 
considerably smaller electricity consumption (a maximum of 1.7kW during winter 
peak hours versus a maximum of 1.2kW during summer peak hours) but also less 
pronounced variation across households. Regarding different days, it is apparent 
that electricity usage during weekdays and weekends is highly sensitive to the 
occupancy level; for example in the case of single-person households, weekend 
consumption appears to be lower during weekends. In contrast, we observe that in 
the case of more populous households, higher consumption occurs on weekdays 
(but not always). It is also worth noting that in the case of single-person households 
(three bottom curves), income levels plays a very significant role; people of 
‘Adverse’ income status present an almost constant diversified peak demand across 
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all seasons, whereas ‘Affluent’ consumers exhibit reduced consumption during 
summer months, perhaps  due to the higher likelihood of taking vacations away 
from home. 
 
Figure 24: Diversified peak demand per household for different LCL Acorn and occupancy classes as a 
function of different calendar seasons, days and hours – calculations based on LCL measurements. 
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Figure 25: Diversified peak demand per household for different LCL Acorn and occupancy classes as a 
function of different calendar seasons, days and hours – calculations based on the C-Vine method. 
When comparing the two calculation methods, we observe that there is good 
agreement overall, but differences are higher in the case of datasets that 
correspond to weekends (C-Vine naturally results in higher values since we are 
sampling at a very high density). This is because, weekend datasets contain 
considerably fewer observations and thus it is more probable for the C-Vine method 
to generate a consumption scenario which has not been recorded within the 
experiment’s horizon. In contrast, the higher number of weekday measurements 
reduce the likelihood that a radically different consumption scenario is sampled. 
Another reason for this difference is the fact that naturally, consumers’   behaviour 
in workdays are more standard, whereas people are expected to have a more 
variable schedule during weekends with a higher probability of being away from 
home, carrying out more household chores or hosting social events, all of which 
have a significant impact on electricity consumption levels. 
In Table 6 and Table 7 shown below we present the maximum values calculated for 
terminal diversified peak demand (i.e. when considering all households belonging to 
that group). Of most interest is the observation that, as expected, more people 
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present in the household and higher income levels translate to higher values of 
diversified peak demand. The calculated values are very useful for giving an sense of 
how a distribution’s system demographic makeup should be considered by planning 
engineers; designing a system to serve an affluent urban area with populous 
households requires a different approach to when planning for a system that aims 
to serve single-person households of a lower income. Based on the LCL smart-
metering data, this difference can be in the order of 200%. This highlights the 
benefit of having knowledge of the area’s demographic and consumers’ behaviour 
and the increasing importance of having smart-metering data to enable informed 
decision and avoid over-designing distribution systems based on generic approaches 
that over-estimate the anticipated demand in an effort to cover the worst-case 
scenarios. 
 1 person 2 people 3+ people 
Adversity 0.51 kW 0.81 kW 1.06 kW 
Comfortable 0.57 kW 0.91 kW 1.28 kW 
Affluent 0.75 kW 1.07 kW 1.72 kW 
Table 6: Diversified Peak for different LCL Acorn and occupancy classes based on smart-metering 
measurements. 
 1 person 2 people 3+ people 
Adversity 0.54 kW 0.89 kW 1.12 kW 
Comfortable 0.64 kW 0.98 kW 1.34 kW 
Affluent 0.79 kW 1.16 kW 1.78 kW 
Table 7: Diversified Peak for different LCL Acorn and occupancy classes based on the C-Vine sampling 
technique. 
4.4 Calculation of Coincidence Factors 
Similar to the diversified peak analysis, we showcase the evolution of coincidence 
factors as a function of households. Again, we focus our analysis on 500 randomly-
selected households to emphasize the factor evolution trajectory when a small 
number of consumers is considered, which constitutes the most interesting part of 
the analysis. In order to evaluate the effect of a very large number of consumers,  
we first show two coincidence factors plots focusing on peak-hours of winter 
weekdays; one performed on all 3437 households (Figure 26) and another one 
focusing on only 500 (Figure 27).  
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Figure 26: Coincidence Factor for Winter (on-peak - weekdays) as a function of households; 
calculations performed using entire dataset of 3437 households. 
Visual inspection is enough to verify that these two analyses converge to the same 
terminal coincidence factors and the transient followed for the different methods 
and upper/lower bounds is largely the same. By limiting our analysis to a smaller 
number of variables we are capable to reduce the computational burden of these 
techniques and gain much more increase the computation granularity, enabling to 
have informed metrics of demand diversification at a small number of consumers, 
which is one of the main interesting aspects of this analysis. 
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Figure 27: Coincidence Factor for Winter (on-peak - weekdays); calculations performed using dataset 
of 500 households. 
As in the previous analysis, a bootstrapping method is used to effectively sample the 
large number of household combinations that arise; 10,000 samples are used for 
each data-point. Note that the possible number of choice combinations can reach 
extraordinarily large numbers. For example, there are 2.66 × 1035 ways to choose 
20 households from a pool of 500 households. Naturally, which houses are actually 
sampled gives rise to some variability; we communicate this variability through the 
explicit calculation of upper and lower bounds. The former relates to the maximum 
coincidence factor observed across the 10,000 combinations, while the latter refers 
to the minimum coincident factor observed across the 10,000 combinations. In 
addition, we also calculate the mean coincidence factor which is essentially the 
average across the 10,000 bootstrap samples. It follows that of most interest is the 
upper bounds, but the other metrics help to highlight the level of variability that 
may exist across different consumer groups. As expected, the lower bound is the 
first to reach a steady state value, followed by the mean and then the upper bound. 
Note that when calculating the terminal coincidence factor (i.e.  maximum number 
of households = 500), there are no lower or upper bounds since bootstrapping is no 
longer needed; the terminal value is directly calculated using all observed data (i.e. 
500 choose 500 = 1). The detailed figures demonstrating calculation of winter 
coincidence factors for different numbers of households according to the three 
afore-mentioned methods follow in the next subsections.  
4.4.1 Demand Coincidence Factor – Winter 
The demand coincidence factor plots for the four different data subsets pertaining 
to the winter season are shown in Figure 28 and Figure 29. When analysing the 
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coincidence factors for winter, the calculated coincidence factors for all four 
datasets are decreasing rapidly in the range of 1 to ~75 households, reaching a 
steady-state behaviour thereafter.  Note that regarding the different calculation 
methods used, empirical and gamma distributions give very similar results. On the 
other hand, when calculating coincidence factors by using the Truncated C-Vine 
method, larger values are obtained especially in the subsets related to off-peak 
hours. This is because the C-Vine method is capable of generating more possible 
combinations of the existing data providing the ability to explore a considerably 
larger number of possible realisations of the underlying stochastic processes. Hence 
a larger coincident peak demand may be found when analysing the sampled data 
(given that the data suggest that a larger peak is probable but has not been 
observed yet). The C-Vine analysis essentially suggests that it is possible for some 
off-peak hours to exhibit consumption patterns not captured in the actual 
measurements. Furthermore, this is more probable to occur in weekdays rather 
than weekends; note that cyan and blue curves are generally closer together in 
weekends rather than weekdays. This is largely due to the larger availability of data 
that enables the C-Vine method to build a more accurate model giving rise to novel 
binding operating points. The limited demand variability present in peak hours and 
weekends suggests that there is less room for radically unseen observations 
occurring in the future. The above demonstrate that the Gamma Distribution and 
Empirical methods suffer from a selection bias and it is possible that they under-
estimate the CFs.  
 
Figure 28: Coincidence Factor for Winter (on-peak - weekdays) 
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Figure 29: Coincidence Factor for Winter (on-peak - weekends) 
Regarding the on-peak time analysis for the three methods, the highest terminal 
coincidence factor occurs in weekdays (0.344). Regarding off-peak times, the 
highest terminal coincidence factor suggested by the empirical and gamma methods 
occurs in weekends (0.275), while C-Vine method suggests a higher value occurring 
in weekdays (0.329). As stated before, this difference can be attributed to the many 
observations available for weekdays which are enough for the C-Vine method to 
infer that a more binding-than-previous-observed peak is likely to occur. 
 
Figure 30: Figure 31: Coincidence Factors for Winter (off-peak - weekdays) 
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Figure 32: Coincidence Factors for Winter (off-peak - weekends) 
Beyond the winter datasets, all other three seasons have also been analysed in 
Appendix B of this report. The main patterns identified still apply. The main 
observation is that the season exhibiting the lowest consumption level, as expected, 
is summer, followed by spring and then autumn. Further comparisons are made in 
the following section. 
4.4.2 Demand Coincidence Factor – Summary 
For completeness, we present coincidence factors obtained with the different 
methods in a summary table shown below. We focus on the terminal coincidence 
factors (i.e. values obtained when considering all 500 households) which would be 
most useful for planning purposes of systems with a large number of consumers. 
Numbers related to a smaller number of households can be obtained by directly 
examining the plots in Appendix B. 
As can be seen Table 8, the season that gives rise to the highest coincidence factor is 
spring meaning that coincident electricity consumption is closer to the individual 
peak consumption levels of that season. Winter exhibits similar diversification as 
spring, whereas summer and autumn have slightly reduced maximum coincidence 
factors. In addition, another interesting observation is that for all seasons, the 
maximum diversification occurs in the on-peak hours of weekend days. This makes 
sense since more resident are likely to be simultaneously at homes at this time of 
the week. On the contrary, minimum coincidence factor for all seasons occurs in 
weekend off-peak times due to different consumption patterns, such as later 
waking times. 
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Data 
Subset 
Season Time Day 
Coincidence Factor 
(N = 500) 
Empirical Gamma C-Vine 
1 Winter On-peak Weekdays 0.303 0.303 0.312 
2 Winter On-peak Weekends 0.344 0.344 0.335 
3 Winter Off-peak Weekdays 0.258 0.258 0.329 
4 Winter Off-peak Weekends 0.275 0.275 0.317 
5 Spring On-peak Weekdays 0.316 0.316 0.316 
6 Spring On-peak Weekends 0.350 0.350 0.344 
7 Spring Off-peak Weekdays 0.272 0.272 0.336 
8 Spring Off-peak Weekends 0.289 0.289 0.338 
9 Summer On-peak Weekdays 0.296 0.296 0.302 
10 Summer On-peak Weekends 0.325 0.325 0.319 
11 Summer Off-peak Weekdays 0.236 0.236 0.292 
12 Summer Off-peak Weekends 0.254 0.254 0.287 
13 Autumn On-peak Weekdays 0.299 0.299 0.307 
14 Autumn On-peak Weekends 0.325 0.325 0.330 
15 Autumn Off-peak Weekdays 0.273 0.273 0.316 
16 Autumn Off-peak Weekends 0.277 0.277 0.293 
Table 8: Coincidence Factors for the different subsets. 
4.5 Comparison with Theoretical Curves of Diversified 
Household Peak Demand 
To complement the preceding analysis of diversified peaks and coincidence factors, 
we compare our obtained results against an empirical formula that has been 
historically used for estimating the maximum diversified peak demand.  Let 𝐶𝑛 
denote the maximum coincident peak demand (where 𝑛 represents the number of 
households being considered) and 𝑃𝑛 denote the maximum diversified peak per 
household i.e.  
𝑃𝑛 =  
𝐶𝑛
𝑛
 
In addition, let 𝑃1  denote the maximum consumption observed by a single 
household i.e. the maximum value of the entire dataset. According to our dataset, 
this is a household consuming 17kW some time in winter. We define  𝑗𝑛 as the 
maximum diversified peak parameter as follows:  
𝑗𝑛 =  𝑗∞ +  
1 − 𝑗∞ 
√𝑛
 
where 𝑗∞ stands for the value of the parameter when the number of households 
increases to infinite, reaching a steady-state value. Note that traditionally, 𝑗∞ is 
thought to reach a steady-state value at least with 𝑛 > 1000 households (although 
the preceding analysis demonstrates that a value in the low hundreds suffices). The 
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relationship between the diversified peak, the maximum consumption 𝑃1 and the 
parameter 𝑗∞ is largely expected to follow the formula:  
𝑃𝑛 =
𝐶𝑛
𝑛
= (𝑗∞ + 
1 − 𝑗∞ 
√𝑛
) 𝑃1 =  𝑗𝑛 𝑃1  
Note that the above formula converges to 𝑗∞𝑃1 when 𝑛 = ∞ and to 𝑃1 when 𝑛 = 1. 
It is essentially a formula empirically used by engineers to infer maximum coincident 
demand for a large group of consumers when knowing the maximum consumption 
of a single household. This can be a very practical tool for planning purposes due to 
its simplicity and widespread usage among practitioners; it describes the most 
binding operating point in a straightforward manner and can ensure unconstrained 
system performance in the absence of smart-metering data. However, its validity as 
well as the accuracy of the parametric values traditionally used have not been 
tested. 
In order to find the most appropriate parameter 𝑗∞ of the formula to approximate 
the maximum diversified peak curve, we fit several curves of different  𝑗∞  to the 
dataset with the most intense consumption that constitutes the upper bound to the 
exhaustive dataset i.e. winter-peak-weekends.  
 
Figure 33: Parametric fitting of maximum diversified peak curves.  
As can be seen in the figure above, 𝑗∞ = 0.02 gives the best fit to the theoretical 
curve of maximum diversified peak demand. For a conservative planner, a slightly 
higher parameter choice in the range of 0.05 could be recommended. In general, 
planning engineers use values for 𝑗∞ that are between 0.1 and 0.2, almost an order 
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of magnitude larger than what has been observed in the LCL dataset. In addition, it 
is evident that the shape of the parametric curve drop considerably earlier than 
actually observed and reaches a steady-state considerably later than suggested by 
LCL data. Note that although these conclusions are based on measurements from a 
single calendar year, the use of the C-Vine sampling method further increases the 
statistical significance of our analysis. It is also worth pointing out that consumption 
habits may vary between urban centres (such as London) and semi-urban or rural 
areas. To this end, it would be useful to gather data and verify the main conclusions 
of this report using data from different distribution systems if these were to be 
applied to analysing electricity consumption behaviour outside London.    
Given the wide-spread use of the afore-mentioned formula to determine 
investment levels, there is a very real risk of over-investment in the network due to 
the underestimation of the effect that consumer’s diversity can have on coincident 
peak demand. This demonstrates that rule-of-thumb approaches that have been 
traditionally used in the past and have provided planning guidelines in a pre-smart-
metering world may no longer be relevant and have to be informed and verified by 
actual measurements. It is envisaged that with the advent of the smartgrid 
paradigm and increasing rollout of smart meters and other related ICT infrastructure, 
the identification of such parameters based on actual measurements will 
increasingly become the norm, enabling planning engineers to tailor distribution 
networks’ designs according to its demonstrated needs. The metrics and associated 
methodologies presented in this report constitute a step towards this direction. 
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V. Conclusions and Recommendations 
This report is motivated by the availability of a large number of actual residential 
demand measurements over more than 3,000 households, enabling us to calculate 
diversification metrics, such as diversified peak demand per household and 
coincidence factors, based on real measurement data. These metrics have been 
traditionally used in the past as the basis for planning decisions with little backing 
from actual metering data. Thus, the availability of the extended Low Carbon 
London dataset presented an unprecedented opportunity to evaluate the 
applicability of empirical approaches to the new reality of electricity consumption 
habits and come up with updated values towards informing the distribution 
planning process. Furthermore, the availability of measurements across a whole 
calendar year gives us the opportunity to characterize demand diversity across 
different calendar seasons, different days of the week and hours of the days, 
substantially increasing. Furthermore, the meta-data accompanying the smart-
meter dataset regarding the different household categories is a unique feature of 
the Low Carbon London project2.  
A final point to be highlighted is the application of a novel statistical technique to 
increase the confidence of our analysis by limiting the selection bias inadvertently 
introduced by relying on a limited dataset. We demonstrate that the observed and 
recorded smart-metering dataset is consistent with highly expanded set of possible 
electricity consumption scenarios, generated via the high sampling density enabled 
by the truncated C-Vine method. This shows that the LCL smart-metering trial 
gathered a large dataset across sufficiently-varying conditions (a whole calendar 
year across a very large number of households of different occupancy levels and 
wealth status), resulting in high confidence regarding the statistical significance of 
the analysis presented in this report.   
We demonstrate that the diversified household peak for large number of consumers 
during winter conditions is found to be 1kW as opposed to 1.5 kW to 2 kW 
frequently used in the UK. Furthermore, this finding provides important benchmark 
for network planning and the analysis of the domestic demand response presented 
in Report 6-2 “Residential consumer response to time varying pricing”. However, 
diversified peak demand for small number of consumers was found to vary 
significantly. 
Another aspect of demand diversification that is of interest is the change in 
diversified peak as a function of number of households. Naturally, the larger the 
number of houses being considered, the lower the diversified peak is. However, 
after some number of households, the diversification effect is less pronounced 
essentially reaching a steady-state, which is the value of most interest. As such, it is 
important to estimate the number of households needed for application of the 
diversified peak metric. Contrary to existing rule-of-thumb approaches and 
                                                          
2
 See LCL Report: “Residential consumer attitudes to time-varying pricing” 
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empirical formulae that suggest a number of about 1,000 households are needed to 
achieve the full effect of diversification, the undertaken analysis suggests that a 
much smaller number of households is enough to achieve a significant of the 
diversification effect. In the figure below we show diversified peak consumption as a 
function of households for the different seasons. As can be seen below, almost the 
full diversification effect across all four seasons can be achieved with less than 100 
households.  
 
Figure 34: Maximum diversified peak variability across seasons. 
In addition, the report analyses the changes in diversification for different 
household classes. To this end the three LCL Acorn classes and three different 
occupancy levels are analysed. The findings of this analysis are summarised in Table 
9 below, showing that wealth and occupancy level have a profound impact on the 
diversified peak demand.  
 1 person 2 people 3+ people 
Adversity 0.54 kW 0.89 kW 1.12 kW 
Comfortable 0.64 kW 0.98 kW 1.34 kW 
Affluent 0.79 kW 1.16 kW 1.78 kW 
Table 9: Diversified Peak for different LCL Acorn and occupancy classes based on the C-Vine sampling 
technique. 
We observe that the minimum diversified peak is exhibited by single-person 
households of adverse income level and the maximum is for houses with 3 or more 
residents and of an affluent wealth level, covering wide range from 0.54kW to 
1.78kW. In this context, LCL smart-metering trials supported by meta-data 
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constitute the first effort of showcasing the potential use of such analysis in 
informing future network planning.  
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Appendix A – Diversified Peak Demand 
In this section we present the daily diversified household load patterns obtained 
after analysing LCL dataset measurements recorded during spring, summer and 
autumn seasons. 
A.1 Diversified Peak Demand - Spring 
When analysing demand data for the spring months, it is clear that overall electricity 
consumption is reduced when compared to winter. More precisely, the highest 
diversified demand recorded is at 0.9212 kW per household and occurs at 7pm of a 
weekend day. The highest diversified demand on weekdays is 0.8948 kW and again 
occurs at about 7pm. It is important to note that in terms of consumption variability, 
spring shows more variability in all data subsets, especially during weekends, 
perhaps due to the higher weather variability in spring months as opposed to winter 
which would be more standardized. This is also evident from Figure 36, where some 
curves in weekend days show considerably higher demand than average.  
 
Figure 35: Daily consumption patterns for Spring – Weekdays. 
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An interesting observation from the histogram plots shown in Figure 37 is that 
minimum diversified demand (0.1918 kW per and 0.1966 kW per household for 
weekdays and weekends respectively) is reduced when compared to winter, 
indicating reduced usage of ‘always-on’ loads. 
Figure 36: Daily consumption patterns for Spring – Weekends. 
 
Figure 37: Histograms of diversified demand per household for Spring. 
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A.2 Diversified Peak Demand - Summer 
As expected, when analysing demand data for the summer months, it is clear that 
overall electricity consumption is much more reduced compared to all other 
seasons. More precisely, the highest diversified demand recorded is at 0.6854 kW 
per household and occurs at 7pm of a weekday, as opposed to other seasons where 
high consumption pertains more to weekends. This may have to do with the fact 
that residents are more likely to be away from home on summer weekends. The 
highest diversified demand on weekends is 0.6787 kW and again occurs at about 
7pm. Furthermore, when compared with the other seasons, summer consumption 
patterns appear much more ‘compressed’ around the mean value, with much less 
pronounced variability across different hours of the day.  
 
Figure 38: Daily consumption patterns for Summer – Weekdays. 
 
Figure 39: Daily consumption patterns for Summer – Weekends. 
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As can be seen in Figure 40, the distribution of diversified demand ceases to be 
highly bimodal in off-peak hours since in many cases, consumption variability is 
reduced dramatically across different times of use. Finally, it is worth noting that 
despite the afore-mentioned characteristics that differentiate summer from other 
seasons, minimum diversified demand is not very different from spring and autumn; 
0.1918 kW per and 0.1966 kW per household for weekdays and weekends 
respectively. 
 
Figure 40: Histograms of diversified demand per household for Summer. 
A.3 Diversified Peak Demand - Autumn 
When analysing demand data for the autumn months, it is evident that overall 
electricity consumption is the second lowest after summer. Although in general, 
spring and autumn seasons are considered largely similar in terms of electricity 
demand, LCL data suggests otherwise; peak autumn consumption in 2013 was 
significantly lower than that of spring. More precisely, the highest diversified 
demand recorded in autumn is at 0.8540 kW per household and occurs at 6:30pm of 
a weekend day. The highest diversified demand on a weekend day is 0.8428 kW and 
occurs at about 7pm. On the other hand, when examining average diversified 
demand (refer to Table 3), autumn exhibits a higher mean value by about 8%.  This 
is also evident when comparing histograms shown in Figure 37 and Figure 43, where 
the latter shows diversified demand distributions to be much more skewed to the 
higher end of the spectrum. 
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Figure 41: Daily consumption patterns for Autumn – Weekdays. 
 
Figure 42: Daily consumption patterns for Spring – Weekends. 
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Figure 43: Histograms of diversified demand per household for Autumn. 
A comparative study of the four seasons is shown in Section 2.3 of this report. 
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Appendix B. Diversified Peak Household Load Analysis and 
Coincidence Factors 
In this section we first plot the diversified peak load as a function of households, 
after analysing LCL dataset measurements recorded during spring, summer and 
autumn seasons. Sections B.4 – B.6 showcase the demand coincidence factor 
analysis for the same season datasets. 
B.1 Diversified Peak Household Load Analysis – Spring 
The diversified peak household load plots for the four different data subsets 
pertaining to the spring season are shown in Figure 44, Figure 45, Figure 47 and 
Figure 47. We show this diversification metric as a function of households. 
Regarding electricity consumption in spring, it is important to note that the 
maximum individual demand recorded is significantly lower than the value observed 
in winter; 11.59kW versus 16.34 kW. As far as the diversified peak demand per 
household is concerned, again these values are generally lower with the maximum 
occurring at off-peak times of weekends (1.04 kW per household); this value is 
obtained from the C-Vine method. If we were to use strictly the empirical or gamma 
methods, a maximum value of 0.92 kW is obtained (again for off-peak weekends). 
This suggests that early afternoon weekends constitute the most binding time for 
the spring season.  
 
Figure 44: Diversified Peak Demand per household for Spring (on-peak - weekdays) 
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Figure 45: Diversified Peak Demand per household for Spring (pm-peak - weekends) 
The higher value computed by the C-Vine method which can be seen in Figure 47,  
means that the dependence structure of the LCL dataset suggests that during these 
hours, it is likely that a higher coincident peak than already observed may occur.  
 
Figure 46: Diversified Peak Demand per household for Spring (on-peak - weekdays) 
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Figure 47: Diversified Peak Demand per household for Spring (off-peak - weekends) 
As also suggested by the winter dataset analysis, diversified peak household 
demand starts reaching a steady-state value at around just 75 households. 
B.2 Diversified Peak Household Load Analysis – Summer 
The diversified peak household load plots for the four different data subsets 
pertaining to the summer season are shown in Figure 48, Figure 49, Figure 51 and 
Figure 51. When analysing electricity consumption patterns for the summer months, 
we observe that the peak individual demand is not very different than the value 
observed in spring (11.29 kW versus 11.39 kW).  
 
Figure 48: Diversified Peak Demand per household for Summer (on- peak - weekdays) 
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As far as the coincident demand peak during this season is concerned, this is by a 
large margin lower than all other seasons. Maximum diversified peak demand is 
found to be about 0.77kW per household. 
 
Figure 49: Diversified Peak Demand per household for Summer (on-peak - weekdays) 
As expected, diversified load is lower during off-peak hours, driven by increased 
coincident consumption in the afternoon hours, preceding and following the peak of 
7pm. 
 
Figure 50: Diversified Peak Demand per household for Summer (on-peak - weekends) 
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Figure 51: Diversified Peak Demand per household for Summer (off-peak - weekdays and weekends) 
Again, as also suggested by the winter dataset analysis, diversified peak household 
demand starts reaching a steady-state value at around just 75 households. 
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B.3 Diversified Peak Household Load Analysis – Autumn 
The diversified peak household load plots for the four different data subsets 
pertaining to the autumn season are shown in Figure 52, Figure 53, Figure 54 and 
Figure 55.  
 
Figure 52: Diversified Peak Demand per household for Autumn (on-peak - weekdays) 
 
Figure 53: Diversified Peak Demand per household for Autumn (on-peak - weekends) 
When analysing electricity consumption patterns for the season of autumn, a very 
interesting observation is that the maximum individual consumption for a single 
household (14.66) is close to that of winter and considerably higher than spring. In 
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terms of demand diversification, maximum diversified peak demand occurs in peak 
weekend times and has been computed to 0.98 kW per household. The lowest value 
is observed in off-peak weekend times and is equal to 0.90 kW per household. 
 
Figure 54: Diversified Peak Demand per household for Autumn (off-peak - weekdays) 
 
Figure 55: Diversified Peak Demand per household for Autumn (off-peak - weekends) 
Again, as also observed in the analysis of all other seasons’ datasets, diversified 
peak household demand starts reaching a steady-state value at around just 75 
households. A more thorough comparative study of the four seasons is shown in 
Section 4.2.2 of this report.  
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An analysis of diversified peak demand according to household demographics i.e. 
number of people in each house and income level is presented in the following 
three subsections of this Appendix. 
B.4 Diversified Peak Household Load Analysis – 1 person 
households 
In the following figure we show how the diversified peak demand per household 
changes according to the different calendar seasons, days and hours (as defined in 
Table 1) for houses with a single occupant. The three curves correspond to the 
different income levels. As expected, higher income translates to higher diversified 
demand levels. It is important to note that this difference due to income class is 
more pronounced in the winter, spring and autumn months, whereas summer 
months exhibit less variation across income levels. It is also worth noting that 
consumption behaviour is more similar between ‘Adverse’ and ‘Comfortable’ classes 
than when compared with ‘Affluent’ households that exhibit much higher electricity 
utilization.  
 
Figure 56: Diversified peak demand per household for 1-person houses across different calendar 
seasons, days and hours for the three LCL Acorn income level classes. 
B.5 Diversified Peak Household Load Analysis – 2 person 
households 
In the following figure we show how the diversified peak demand per household 
changes according to the different calendar seasons, days and hours (as defined in 
Table 1) for houses with two occupants. The three curves correspond to the 
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different income levels. As expected, higher income translates to higher diversified 
demand levels. It is important to note that this difference due to income class is 
more pronounced in the winter and spring months, whereas summer and autumn 
months exhibit less variation across income levels. 
 
Figure 57: Diversified peak demand per household for 2-person houses across different calendar 
seasons, days and hours for the three LCL Acorn income level classes. 
B.6 Diversified Peak Household Load Analysis – 3+ person 
households 
In the following figure we show how the diversified peak demand per household 
changes according to the different calendar seasons, days and hours (as defined in 
Table 1) for houses with three or more occupants. The three curves correspond to 
the different income levels. As expected, higher income translates to higher 
diversified demand levels. It is important to note that differences due to income 
class stay relatively high throughout all calendar seasons, even during summer 
which was shown to result in similar consumption patterns in the case of houses 
with only one or two occupants. 
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Figure 58: Diversified peak demand per household for houses with 3 or more occupants across 
different calendar seasons, days and hours for the three LCL Acorn income level classes. 
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B.7 Demand Coincidence Factor – Spring 
The demand coincidence factor plots for the four different data subsets pertaining 
to the spring season are shown in Figure 59 and Figure 60.  
 
Figure 59: Coincidence Factors for Spring (on-peak - weekdays and weekends) 
Regarding coincidence factors for spring, there is in general a closer agreement 
between the three methods for on-peak hours. In the case of peak hours, the 
maximum terminal value is set at about 0.350. In the case of off-peak hours, gamma 
and empirical methods give the maximum coincidence factor to be 0.289 in the 
weekends, while C-Vine gives a higher value 0.338 for the same data subset. This 
divergence between methods holds true also for weekdays, as can be seen in the 
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top plot Figure 64. The large variability of actual measurements causes the C-Vine 
model to detect the possibility for a higher coincidence factor occurring in the 
future and gives a weekday off-peak terminal coincidence factor increased by 16%, 
from 0.272 to 0.336 when compared to the empirical and gamma-fitting methods. 
   
Figure 60: Coincidence Factors for Spring (off-peak - weekdays and weekends) 
B.8 Demand Coincidence Factor – Summer 
The demand coincidence factor plots for the four different data subsets pertaining 
to the spring season are shown in Figure 61 and Figure 62. Regarding coincidence 
factors for summer, they are generally lower than all other seasons implying that 
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the maximum coincident peak is relatively lower than individual maximum demands 
of consumers examined in isolation. More specifically, the lowest coincidence factor 
value occurs in off-peak times of weekdays (0.236). The highest coincidence factor 
occurs on peak weekends (0.325) which suggests that during summer weekend 
afternoons, many households are likely to consume close to their individual peak 
consumption levels. 
 
Figure 61: Coincidence Factors for Summer (on-peak - weekdays and weekends) 
 
As can be seen in Figure 62, the large variability of actual measurements during off-
peak hours causes the C-Vine model to detect the possibility for a considerably 
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higher coincidence factor occurring in the future and gives a weekday off-peak 
terminal coincidence factor increased by 24%, from 0.236 to 0.292. 
 
Figure 62: Coincidence Factors for Summer (off-peak - weekdays and weekends) 
 
B.9 Demand Coincidence Factor – Autumn 
The demand coincidence factor plots for the four different data subsets pertaining 
to the spring season are shown in Figure 63 and Figure 64Figure 62. Regarding 
coincidence factors for autumn, the highest value occurs in weekend peak times 
(0.330) shown in the bottom plot of Figure 63, while the minimum occurs in off-
peak weekdays (0.273) shown in the top plot of Figure 64. This suggests that during 
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weekend afternoons, consumers are more likely to consume close to their individual 
peaks. On the other hand, demand diversification is more intense during weekday 
off-peak  hours. 
 
Figure 63: Coincidence Factors for Autumn (on-peak - weekdays and weekends) 
As can be seen in top plot Figure 64, the large variability of LCL smart-metering 
measurements during off-peak hours causes the C-Vine model to detect the 
possibility for a considerably higher coincidence factor occurring in the future and 
gives a weekday off-peak terminal coincidence factor increased by 16%, from 0.273 
to 0.316. 
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Figure 64: Coincidence Factors for Autumn (off-peak - weekdays and weekends) 
A comparative study of the four seasons is shown in Section 4.3.2 of this report. 
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Project Overview
Low Carbon London, UK Power Networks’ pioneering learning programme funded by Ofgem’s Low Carbon Networks Fund, has 
used London as a test bed to develop a smarter electricity network that can manage the demands of a low carbon economy 
and deliver reliable, sustainable electricity to businesses, residents and communities. 
The trials undertaken as part of LCL comprise a set of separate but inter-related activities, approaches and experiments. They 
have explored how best to deliver and manage a sustainable, cost-effective electricity network as we move towards a low 
carbon future. The project established a learning laboratory, based at Imperial College London, to analyse the data from the 
trials which has informed a comprehensive portfolio of learning reports that integrate LCL’s findings. 
The structure of these learning reports is shown below:
A1 Residential Demand Side Response for outage management and as an alternative  
to network reinforcement 
A2 Residential consumer attitudes to time-varying pricing
A3 Residential consumer responsiveness to time-varying pricing
A4 Industrial and Commercial Demand Side Response for outage management  
and as an alternative to network reinforcement
A5 Conflicts and synergies of Demand Side Response
A6 Network impacts of supply-following Demand Side Response report
A7 Distributed Generation and Demand Side Response services for smart Distribution Networks
A8 Distributed Generation addressing security of supply and network reinforcement requirements
A9 Facilitating Distribution Generation connections
A10 Smart appliances for residential demand response
Distributed 
Generation and 
Demand Side 
Response
Network Planning 
and Operation
C1 Use of smart meter information for network planning and operation
C2 Impact of energy efficient appliances on network utilisation
C3 DNO Learning Report on Network impacts of energy efficiency at scale
C4 Network state estimation and optimal sensor placement
C5 Accessibility and validity of smart meter data
Electrification of 
Heat and Transport
B1 Impact and opportunities for wide-scale Electric Vehicle deployment
B2 Impact of Electric Vehicles and Heat Pump loads on network demand profiles
B3 Impact of Low Voltage - connected low carbon technologies on Power Quality
B4 Impact of Low Voltage - connected low carbon technologies on network utilisation
B5 Opportunities for smart optimisation of new heat and transport loads
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